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Introduction
During the last decades, significant land use change took place in Portugal and elsewhere in the Mediterranean region. Many marginal agricultural or grazing lands were either abandoned or afforested. Natural succession led to changes in vegetation structure and composition where agricultural activities ceased, thus contributing to the expansion of shrubland, woodland and forests with a well-developed shrub understory (Fernán-dez Alés et al. 1992) . These changes resulted in higher carbon stocks as well as in more flammable ecosystems prone to large and high-severity fires (Pausas 2004 , Castro & Freitas 2009 ).
Fuel dynamics refers to the structural and temporal modifications undergone by a fuel layer or fuel complex. Shrub accumulation models could assist in forecasting the dynamics of biomass and carbon storage. Many modeling of fuel dynamics follows the simple model by Olson (1963) that describes the relationship between production and decomposition as a modified exponential function that flattens out to a plateau. Other studies describe fuel and shrub dynamics by timedependent models of forest fire hazard (Gould et al. 2011) . However, shrub biomass accumulation information for Mediterranean areas is very limited. Few studies addressed the temporal dynamics of shrub structure and/or biomass in shrublands (Baeza et al. 2006) , which are expected to be different under a forest canopy, due to competition for resources (i.e., light, water). Hence, little attention has been given to understory vegetation, likely due to its limited economic importance. Nonetheless, the ecological significance of the understory is high, since it plays an important role on nutrient cycles, carbon storage and fire hazard.
Currently available carbon models still lack details on biomass dynamics, which in turn affect the calculation of these processes. A recent study by Rosa et al. (2011) to estimate pyrogenic emissions of greenhouse gases, aerosols and other trace gases from wildfires in Portugal identified shrub biomass as the variable with the greatest impact on the uncertainty inherent in such estimates. Therefore, it is essential to improve the assessment of forest biomass, including its spatial and temporal variation.
In the Mediterranean region, fire is one of the most important factors affecting forest ecosystems, both ecologically and economically (Pereira & Santos 2003) . Higher shrub loading implies higher flammability, likelihood of crowning fire, and difficulty in fire control (Schmidt et al. 2002 , Fernandes 2009a . Fernandes et al. (2004) observed differences in fire behavior and severity among maritime pine (Pinus pinaster) plots depending on fuel age (i.e., time since last treatment) and the presence or absence of surface fuel treatments. Furthermore, recent research aimed at developing wildfire occurrence models in Portugal included the understory shrubs biomass as a significant variable. Indeed, shrubs have a large impact on fire risk with obvious implications to forest planning (Garcia-Gonzalo et al. 2011 , Botequim et al. 2013 .
The integration of wildfire risk in forest management planning depends on the continuously changing variables related with fuel dynamics (e.g., tree and shrub growth) and stand management (González et al. 2006 , Garcia-Gonzalo et al. 2014 ). Therefore, it is very important to obtain information as much accurate as possible on all key variables (e.g., shrub growth) affecting the likelihood and severity of fire over time. The lack of tools to project shrub growth over time has hindered its inclusion in the forest management planning (Garcia-Gonzalo et al. 2014) . A broad range of growth modeling techniques applied to forest ecosystems has been reported in the scientific literature. However,
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The aim of this study is to develop a model to describe the temporal dynamics of shrub biomass in the forest understory of Portuguese forests. One hypothesis is that maximum potential biomass, defined by the model asymptote, is affected by stand variables (e.g., basal area) and shrub regeneration types (resprouter vs. non-resprouter). Considering the biomass growth rate, our hypothesis is that it is affected by stand and shrub characteristics, as well as by site conditions and climate. This model may then be used to predict fuel accumulation as well as to update carbon stock inventories and may also be instrumental to include that information in forest management systems aiming at reducing the risk of fire.
Material and Methods

Study area
Mainland Portugal (Fig. 1) is located in southwester Europe at latitudes of 37° N to 42° N and longitudes of 6° W to 10° W. Climate is warm and dry during summer, and cool and wet in winter (Joffre & Rambal 2002) . Mean annual temperature and precipitation follow a gradient of increasing temperature and decreasing rainfall from northwest to southeast. Topography is rugged, especially in the northern half of the country, and most wild-land vegetation is evergreen, drought resistant and highly flammable. Forests and woodlands are a key element in the Portuguese landscape, covering more than one third of the country (DGRF 2006) .
The variables considered for the development of a shrub build-up model were divided into three main groups: (i) variables related to shrub properties, (ii) stand characteristics, and (iii) environmental factors, i.e., stand location and climate (Tab. 1). Most data were obtained from the Portuguese National Forest Inventories (NFI) carried out over the whole country within two different and discontinuous periods (1995-1998 and 2005-2006) , corresponding to the 4 th and 5 th NFIs, respectively. The NFI measurements were based on two different square grids of a systematic sample of temporary circular plots (measured only once). The number of measured plots varies across inventories, totaling 2336 plots for the 4 th NFI and 12258 plots (with 5267 plots of forest stands) for the 5 th NFI.
The variable shrub age equals the elapsed time (years) since the last fire (TSF) or since the stand establishment on the inventory date. To this purpose, the NFI plots and the Forest Service digital fire atlas (burned areas ≥ 5 ha) obtained by semi-automated classification of high-resolution remote sensing data were compared using the software package ArcGIS®. A total of 722 burnt plots were identified, ranging in TSF from 1 to 31 years. However, not all plots were included in the analysis. Shrub age could not exceed stand age since tree planting implies shrub clearing. Therefore, plots corresponding to shrub ages above 15 years were discarded, to decrease the uncertainty on the timing of silvicultural and fuel treatments that disturb the shrub layer. Indeed, it is difficult to find forest plots with shrubs formations older than 15 years with good accuracy. Overall, a total of 420 plots were finally selected for further modeling purposes (Fig. 1) .
The main criteria used for plot selection were the availability of tree biometric measurements and understory biomass data, including information on the date of the most recent disturbance (clear, planting, fire or harvesting). Direct biomass measurement is laborious and time-consuming, thus shrub biomass is usually estimated non-destructively from the respective phytovolume and bulk density. Both NFI's field plots provide data on understory shrub species composition, percent cover, and mean height, which were used to estimate shrub biomass. Shrub phytovolume (m 3 ha -1
) per species was calculated as the product of shrub height (h, m) and ground cover (m 2 ha -1
), and combined with species-specific bulk density to obtain the biomass yield of the understory shrub fuel loading (Mg ha ) is defined as the fuel load (dry weight) per unit volume of vegetation (Brown 1971) Zedler 1978, Pausas et al. 2004) , the abundance of resprouting shrubs in the stand (Resp, %) was considered as an independent variable (Appendix 1). Resprouter cover percentage was calculated for each plot, equaling "100" when shrub resprouters coverage was total, and "0" when there was no presence of resprouters. Note however that many resprouter species can also regenerate by seed (Pausas et al. 2006) . Additionally, to assess the impact of other shrub characteristics, the relative richness of shrub species belonging to each NFI plot was included as a predictor. Dominant shrub species were assessed by computing the cover proportion of each species in the studied plot. Further, a dummy variable regarding the class bulk densities was tested as predictor, i.e., we assigned all shrub species identified in the plot to their specific bulk density (see Appendix 1 for more details - Pausas et al. 2004 ). Thus, three major groups of shrub species could be observed: (i) < 1.5 kg m -3
, the smallest bulk density; (ii) an intermediate bulk density between 1.5 and 3 kg m , the highest bulk density, corresponding to 22%, 52% and 26%, respectively.
As for stand variables, information was obtained for each plot regarding the number of trees per hectare (N), basal area (G), quadratic mean diameter (dg), stand age (adult or young), stand structure (even or uneven), stand composition (pure or mixed) and forest type (main species in the plot -Tab. 1). Forest stands were initially classified into 12 composition classes (Tab. 3), but for modeling purposes plots were reclassified in four forest cover types (Tab. 1 and Tab. 3) according to similar tree characteristics and to proportion of the dominant tree species in the plot:
• "Phard" -hardwoods including deciduous and evergreen species, but excluding oaks and eucalypt (n = 19); • "Poak" -oaks including Quercus suber, Q. rotundifolia and Q. pyrenaica (n = 73); • "Psoft" -softwoods including Pinus pinaster, P. pinea and short-needled conifers such as P. sylvestris (n = 149); • "Peuc" -eucalypt (n = 179).
Stand location, slope, aspect and elevation of the plots were obtained from the NFI database and the country's Digital Terrain Model (DTM). Climate variables were collected from the database by Tomé et al. (2006a) . A GIS layer with climate information was overlaid with the 420 plots layer, i.e., a map was created using a spatial interpolation technique (Thiessen polygon method) to associate climate data to each plot, i.e., the number of days with rain exceeding 1.0 mm and yearly average temperature.
Model fitting and selection
Few studies exist on the development and modeling of shrub growth, and in general concern shrubland, i.e., tree cover is absent (Fernandes & Rego 1998 , Navar et al. 2001 , Castro & Freitas 2009 . Shrubland biomass accumulation in Portugal has been previously described by Rosa et al. (2011) , by fitting the model by Olson (1963) as a function of the time since wildfire occurrence. However, shrub growth and accumulation are also affected by other factors. Would other combinations of variables improve the success of biomass accumulation prediction?
In the present study, biomass accumulation was modeled using potential independent variables as predictors, including: (1) all possible linear combinations of stand variables (e.g., basal area) and shrub regeneration types (resprouter vs. non-resprouter) as factors affecting the model asymptote; and (2) shrub characteristics, site conditions and climate as factors affecting biomass accumulation. Existing growth equations, including the most commonly used (Schumacher 1939 , Richards 1959 , Olson 1963 were considered. After testing several possible candidate equations with explicit consideration of forest stand variables, the deterministic approach for biomass accumulation represented by the single exponential function of Olson (1963) ), b is a parameter related to growth rate and t is the shrub age (years). The above model assumes constant rates of biomass accumulation and decomposition: this simplification makes it suitable to fit measured values of fuel load with time (Plucinski 2003) . While Olson's model begins to accumulate at time zero (t0), the Schumacher's model does not accumulate immediately. This difference can be especially important when the understory is dominated by seed-regenerating species, which implies an initially lower rate of biomass accumulation. The Olson's function has been used in similar studies (McCaw et al. 2002) due to its simplicity and straightforward biological interpretation.
Previous studies indicate that both stand's biometric factors and climate affect the shrub growth rate (Calvo et al. 2005 , Castro & Freitas 2009 . Hence, all available variables (i.e., shrub, stand and location variables) were tested as possible effects on growth rate (parameter b). In total, 16 independent variables (9 continuous and 7 categorical) were analyzed (Tab. 1). Similarly, our hypothesis was that the biomass asymptote would vary depending on the competition with overstory and/or shrub composition, thus stand and shrub variables were tested for their influence on parameter a. Possible combinations of these variables were tested and only models biologically consistent with all statistically significant variables (p<0.05) were further analyzed and compared. The selection was done according to literature and to common ecological knowledge of biomass growing under tree canopy cover in Mediterranean region. We checked if the estimated signs of the parameters were ecologically meaningful: for example, with higher stand density or basal area, shrub biomass should decrease because of competition.
Estimation of the model parameters was based on the least squares method (SAS Institute Inc 2000). Collinearity among variables was assessed through the variance inflation factors (VIF), accepting values up to 10 (Myers 1990 ). Normality of regression residuals was inferred by quantile-quantile plots of the studentized residuals. When departure from normality was detected, an iteratively reweighed least square regression using the Huber's function was applied to reduce the influence of observations containing large fit errors (Myers 1990 ). Heteroscedasticity associated with the error term of the models was examined graphically by plotting the studentized residuals against the predicted values and corrected when necessary. Weighted regression was used to account for heterocedasticity. Weights were obtained according to the methods proposed by Parresol (1999) where residuals or the logarithm of squared residuals are expressed as a function of several variables. The most parsimonious model with good fit and all variables significant (p<0.05) were used as a weight function.
Model evaluation and validation
Model selection was based on the fitting and prediction ability of the candidate models. The residual mean square error (MSEeqn. 2) was used as a measure of goodnessof-fit. Some authors use model efficiency, a measure similar to the coefficient of determination for linear models, assessing model performances on a relative scale ranging from 1 (perfect fit) to 0 (the model is not better than a simple average - Vanclay & Skovsgaard 1997) . We used a similar measure but adjusted for the degrees of freedom (R 2 adjeqn. 3).
Due to the limited amount of shrub biomass data on a chronosequence, we did not split our dataset in two for model fitting and validation purposes. Instead, all data were used to fit the models, and the PRESS statistic (Prediction Sum of Squares -eqn. 4) was used to validate the model (Myers 1990 ). Calculation of the PRESS statistic is equivalent to deleting the i-th observation and fitting the model to the remaining observations. Each of the regression equations (i.e. one equation per observation) is used to calculate single predicted values, which are then used to obtain the PRESS residuals (Myers 1990 ). The PRESS residuals are true prediction errors with the predicted value being independent of the observed value. Each candidate model has n PRESS residuals associated with it, and their sum gives the PRESS statistics.
In summary, the following statistics were calculated for model evaluation (eqn. 2, eqn. 3, eqn. 4):
where n is the number of observations, p the number of parameters in the model, yi is the i-th measured value, yi is the i-th predicted value and yi * is the predicted value by omitting the i-th observation in the PRESS procedure. Accuracy of the selected models, in terms of bias and precision, was obtained by computing the PRESS residuals, the mean PRESS residuals (bias, MPRESS) and the mean of the absolute PRESS residuals.
Plots of predicted vs. observed shrub biomass and plots of residuals against predicted values were also used to identify possible bias. In any case, models showing good fit but biologically unrealistic meaning were discarded (Hosmer & Lemeshow 2000) .
Model verification
Independent data from a 2 ha area within an even-aged maritime pine stand in the northeast of Portugal at latitude 41° 27' N and longitude 07° 30' W was used to verify the estimates generated by the selected final model. Site elevation, aspect, slope and mean annual temperature were 910 m a.s.l., SE, 10% and 11°C, respectively. Shrub biomass was estimated by either destructive sampling or double sampling based on sitespecific equations (Fernandes et al. 2004 , Fernandes 2009b ). The dataset included five different moments in time in the undisturbed stand (shrub age ≥ 15 years, control), plus data reflecting shrub growth (t = 2, 3, 10, 13) after experimental surface fires (Fernandes et al. 2004 , Fernandes 2009b 
ability of the understory shrub community ranged from R = 13% to R= 100%. Details of the independent data source are reported in Tab. 4.
Defining two alternative difference equation forms
A difference equation represents a family of growth functions with all the parameters common except one, the "free" parameter (Tomé et al. 2006b ). Growth functions expressed as difference equations are used by many authors as a very powerful way of modeling tree and stand growth (Amaro et al. 1998 , Cieszewski & Bailey 2000 , Palahí et al. 2004 .
Once the best biological and statistical model was chosen, a difference equation was derived through the guide curve method (Clutter et al. 1983 ). This method is used to generate anamorphic equations, which are commonly used with temporary plot data. It consists on the transformation of a single equation for specific conditions to be rearranged to a difference equation where the biomass at the initial measurement age (t1) is taken as the basis to predict biomass at time t2. The difference equation originates a family of curves differing by the value of one of the parameters which depends on the initial value (y1, t1 -Burkhart & Tomé 2012) .
Suppose a function yt = ƒ (t, β1, β2) . In order to express such function as a difference equation, the expression for one of the parameters, say β1, may be obtained as (eqn. 5):
The expression for yt+i can then be derived as follows (eqn. 6):
In this way, yt+i can be estimated from an initial value yt. Thus the above equation may be used to predict the unknown future biomass based on an initial known biomass quantity. The use of the difference equation is illustrated by using a small independent data set (Tab. 4).
Moreover, a second differential equation form was obtained from the selected final model. This difference equation form was developed following the methodology proposed by Tomé et al. (2006b) to formulate growth functions as an age-independent difference equation. This conceptual approach can be used when age data (t1) is not available. Suppose a function yt = ƒ (t, β1, β2) . In order to express this function without age being explicit, we start by transforming it as follows (eqn. 7):
Then, yt+i may be derived as (eqn. 8):
The proposed equations have the advantage of allowing direct modeling of yield (instead of growth) by using data not evenly spaced across time, as it is the case for most data sets (Tomé et al. 2006b ), and therefore it may be usefully applied for modeling shrub biomass accumulation in uneven-aged stands of unknown age.
Results
Model fitting and selection
The wide range in biomass values observed for each shrub age reflects the high variability of the dataset used for modeling purposes, which encompass 420 forest plots (Fig.  2) . Eucalyptus understory is dominated by Ulex spp., Erica spp. and Cistus ladanifer. In softwood stands the understory is characterized by the presence of Erica spp., Pterospartum tridentatum and Cistus ladanifer. In oaks plots, species of the genus Citysus are the most abundant. As for regeneration strategies, resprouter species were not present in 41% of the observations. A box-plot analysis revealed a lack of symmetry around the median (Fig. 2) .
The general equation form selected for modeling the shrub biomass accumulation was as follows (eqn. 9):
where Biomi, is the shrub biomass (Mg ha -1 ), resp is the resprouting percentage (R, %), G is stand basal area (m 2 ha -1 ), P is precipitation (rain days year -1 ), slope is in %, T is the mean annual temperature (°C), t is shrub age (years), and ai and bi are regression coefficients.
The five best-fitted equations are displayed in Tab. 5. All regression coefficients of the shrub biomass equations (a1, a2, a3, b1, b2, b3 
Tab. 4 -Stand characteristics and measured biomass in a Pinus pinaster stand in northeast Portugal in control (shrub age ≥15 years) and prescribed burnt (shrub age < 15 years) plots. Data are listed according to the understory age at the time of sampling. Biom i =(a 1 +a 2 resp+a 3 G)
Year of sampling
b4) were significant (p<0.05) and biologically meaningful. Model Biom1 had the best fit (model efficiency) and the smaller MSE, whereas models Biom4 and Biom5 showed the lowest R 2 adj as well as the highest residual values (Tab. 5).
The maximum biomass accumulation, defined by the model asymptote (ai parameters), is depending on stand variables, shrub regeneration strategies and the tree cover. No equation with a fixed asymptote was found for which model efficiency was acceptable. For all the five best-fitting equations, stand basal area (G, m 2 ha -1
) and/or the shrub biological traits affected the asymptote, i.e. the amount of shrub biomass decreased as G and the percentage of resprouters increased. Excluding G as a predictor and refitting the five models, the corresponding R 2 adj and MSE for the different models were 0.24 and 31.0 (Biom1), 0.23 and 32.0 (Biom2), 0.21 and 32.4 (Biom3), 0.17 and 35.4 (Biom4) and 0.16 and 35.0 (Biom5), respectively. Thus, the exclusion of G from the models decreased the prediction accuracy (R 2 adj) and increased the errors (MSE).
Biomass growth rate (bi parameters in eqn. 9) is affected by stand and shrub characteristics, as well as by topography and climate. Four out of the five selected equations included the precipitation, while the fifth included the temperature. As expected, higher precipitation and/or temperature increase the shrub growth rate, hence reaching the steady-state biomass faster. Prediction ability of the equations was considerably improved by including the resprouting-related variable. Only model Biom2 included a topographic descriptor (the slope -Tab. 5). Elevation, aspect and the forest composition were not statistically significant in any of the model tested (p>0.05).
Model validation and biological evaluation
All the five models described are ecologically meaningful, showing higher asymptotic values associated with lower canopy covers (as assessed by G) and quicker accumulation of shrubs when resprouters are present in the understory and for higher values of temperatures and/or precipitation. However, models Biom4 and Biom5 have a rather low asymptote and growth rate (Fig. 3) . It is reasonable to expect slightly lower maximum biomass accumulation of shrubs in forest than in shrubland, but the two equations would considerably underestimate total biomass. They also present the lowest model efficiency and the least accurate estimates (i.e., high MSE). On the other hand, models Biom1, Biom2 and Biom3 showed higher accuracy (highest R 2 adj, lowest MSE -Tab. 5) and provided estimates of the maximum biomass accumulation in agreement with those reported in the literature (Fig. 3) . Moreover, equations Biom1 and Biom4 had the lowest bias as revealed by the PRESS residuals (Tab. 6).
Model Biom1 (which included resprouting percentage, basal area and temperature as independent variables) proved to be the most accurate model, while Biom4 (one of the less biased models) was the less precise in terms of predictions (Tab. 6). To further characterize the selected Biom1 model, graphs of predicted shrub biomass vs. observed biomass values (Fig. 4a) and vs. studentized residuals (Fig. 4b) were also plotted.
Model verification
The equation obtained for model Biom1 closely describes the observed shrub accumulation pattern as a function of age (years), basal area and resprouter percentage (Tab. 4, Fig. 5 ). Despite the substantial variation in fuel accumulation, such equation may accurately predict the fuel build-up in various forest types. However, it should be noticed that the model was developed from data up to 15 years and its use for extrapolation on longer periods could be inappropriate, as suggested by the poor performances of the model at older ages. For extrapolation over periods longer than 15 years, the use of one of the difference equation forms seems more suitable (see below). Tab. 5 -Adjusted coefficient of determination (R 2 adj), mean square error (MSE) and parameter estimates (standard error in parentheses) of the regression coefficients (an, bn) for the selected shrub biomass models (see eqn. 9). All the coefficients were significant at the 0.05 level. ) at t1 and t2, respectively; resp is the percentage (%) of resprouters, assumed as fixed over time (15.4%), and T is the mean annual temperature (11 °C).
Model
In addition, rearranging eqn. 9 the above model can also be used when age (t1) is not known, making it more useful for practical applications. Solving the equation Biom1 for t, and substituting this expression into eqn. 11, the correspondent difference equation form is derived as (eqn. 11): , t1 = 15 years) are connected by a dotted line to the value estimated by the difference eqn. 10 (Bio2). The solid biomass lines display the predicted (model Biom1) shrub biomass in Portuguese forests, the fixed values are the whole dataset means (resprouting = 15.4%, temperature= 11 °C).
Tab. 6 -Prediction Sum of Squares (PRE-SS), mean PRESS (MPRESS) and mean absolute PRESS residuals (MAPRESS) for the shrub biomass equations considered for the evaluation and validation. 
Model PRESS MPRESS MAPRESS
where Biot and Biot+í are the biomass (Mg ha -1
) at ages t and t+i, respectively; a = 32.72 -0.239 resp -0.1528 G; b2 = 0.00108; b4 = 0.00249; i is the projection length; G is the stand basal area (m 2 ha -1 ) at t; resp is the percentage (%) of resprouters assumed as invariable over time, and T is the mean annual temperature.
Biomass accumulation may vary for several reasons (e.g., differences in site productivity, fire severity, climate, and competition) and part of the relevant factors may be unknown. The difference equation (eqn. 10) allows the estimation of future biomass at time t2 when biomass at time t1 is known (i.e., information on the age and the shrub biomass at t1). For demonstration purposes, based on the information displayed in Fig. 5 , the actual shrub load from the maritime pine stand chronosequence was used to estimate the biomass Bio2 at time t2, i.e., the initial shrub load (Bio1 =6.74 Mg ha -1 and 10.48 Mg ha -1 ) at time t1 (10 and 15 years) was taken as the basis to predict biomass Bio2 at time t2 (13 and  18 , eqn. 10) are similar to the measured biomass (black symbol in Fig. 5 ). For shrub ages below 15 years the predictions of Biom1 model (grey symbol in Fig. 5 ) closely match the observed shrub accumulation. Therefore, eqn. 10 predicts quite well future biomass for accumulation periods above 15 years.
If information about initial shrub age (t1) is missing, the difference equation form (eqn. 11) should be used to project the future shrub biomass, for it does not use age as an ).
explicit variable. In these cases we do not assume that the shrubs follow strictly the curves of biomass accumulation prediction (model Biom1) as it may start from a different level of biomass. Thereby, the use of the difference equations forms implies one of the following situations: (i) when only one measurement is available and age is known at t1, biomass can be obtained from eqn. 10; (ii) when only one measurement is available and age is unknown, with no other additional information, the biomass may be estimated by eqn. 11. If no information on shrub load for a specific age is available, the model Biom1 should be used for initialization and prediction of forest shrub accumulation.
Implications for forest managementapplication examples
For forest management purposes, the model Biom1 was used to compute the shrub biomass in a hypothetical stand using the mean values of the independent variables considered (Fig. 6 ). Basal area, used as an indicator of stand-level competition, ranged from 5.5 m 2 ha -1 to 49.5 m 2 ha -1
. In general, an increase in the basal area implies a higher canopy cover, reducing light and water availability for the shrub layer. Thus, increasing competition for resources reduces shrub growth over time (Fig. 6 ). Setting t = 15, a difference in fuel load of about 5 Mg ha -1 was observed for extreme basal area values. Fig. 7 displays how shrub biomass is impacted by shrub regeneration strategy (two levels of resprouter abundance) and by basal area (two extreme values of basal area) using model Biom1. The lowest biomass usually appears in the resprouters' community (R = 100%), particularly in the highest basal area stands (Fig. 7a) . In contrast, biomass recovery is faster and reaches higher levels when the understory is comprised exclusively of seeders (i.e., R = 0%), particularly at the lowest basal area level, where 13-15 Mg ha -1 is reached after 15 years (Fig. 7b) .
Discussion and Conclusions
Mediterranean-type shrublands and forests are highly variable in aboveground biomass (Joffre & Rambal 2002) . Biomass estimation in different forest stands is a difficult task due to structural heterogeneity and the dynamic nature of vegetation. Given current knowledge gaps in this topic, the main objective of the present study was to model shrub accumulation over time in the presence of a tree overstorey. Our starting hypothesis was that shrub growth under a tree canopy should depend on both stand variables and climate, reflecting their importance to biomass growth. Prediction models were developed based on NFI data of diverse geographical origin and various floristic compositions, in order to extend their applicability to most Portuguese forests with an abundant understory vegetation, especially those dominated by Erica spp., Ulex spp., Cytisus spp. or Cistus ladanifer. The strategy adopted can be viewed as an advantage over sitespecific models (Chojnacky 1992) .
Dynamics of shrub biomass under tree cover in the Mediterranean climate, and its relation to stand variables had been poorly studied. This study extends previous investigations by introducing measurable stand variables and shrub regenerating strategy in a time-dependent shrub biomass model, using a non-linear regression technique based on Olson's model. Moreover, two alternative difference equation forms obtained directly from the selected model could be used to project the observed shrub biomass: difference eqn. 10 when age is known and difference eqn. 11 when age is not available. This will increase the quality of the shrub buildup models when shrub age is not readily available. Moreover, to provide information on biomass trends over time, the proportion of resprouters in the understorey is the sole shrub information required by our model. Indeed, field assessment of shrub regeneration strategy has the advantage of being relatively straightforward.
Among the studied models, Biom1 provided the best performances for shrub biomass estimation under forest canopies in Portugal. Also models Biom4 and Biom5 provided biologically meaningful predictions, but their asymptote and growth rate parameters are low and inconsistent with the range of values reported in the literature (Rambal & Hoff 2001) . On one hand, the function Biom1 depends on a shrub trait (regeneration mode), affecting both growth rate and maximum biomass, and on a descriptor of the tree overstorey (stand basal area), an indicator of stand-level competition. On the other hand, climatic conditions such as temperature influence vegetative growth rate. As expected, forest shrub biomass estimated with our models is lower than that reported for shrublands in the Mediterranean (e.g., Vega et al. 2006) . Furthermore, our estimates of shrub biomass grown under tree canopy are in line with values reported by previous studies in Portugal, which do not exceed 24 Mg ha -1 (Fernandes & Rigolot 2007) . Rosa et al. (2011) indicates that shrublands in Portugal require 15 years to reach a steady-state aboveground biomass. Our results indicate that longer periods are needed when tree cover is present. Obviously, such slower build-up of shrub biomass may be explained by the competition for available resources between the understory and the overstory (Kozlowski et al. 1991) . Similarly, CastedoDorado et al. (2012) showed that selected overstory variables could be suitable indicators of the relative availability of light, nutrients, water or growing space in modeling the maximum shrub development. Nevertheless, several authors reported that the amount of understory vegetation in maritime pine and eucalyptus stands is practically the same 10 and 30 years after fire. Indeed, after an initial period of relatively vigorous growth, understory biomass tends to stabilize when shrubs reach their adult size (Trabaud et al. 1985) .
Shrub biomass tends to increase with time since disturbance, with variations depending on the shrub type. However, the highest accumulation usually occurs in seeders communities, particularly when basal area is low (Fig. 7) . This agrees with the general knowledge on different growth patterns between resprouters and non-resprouters. Non-resprouters begin flowering earlier and more abundantly after disturbance (Pate et al. 1990 , Bond & Van Wilgen 1996 , allowing a faster colonization of suitable microhabitats as compared to resprouting species, whose regrowth from established root systems is restricted to microsites previously occupied (Keeley & Zedler 1978 , Calvo et al. 2005 . Moreover, resprouters need more energy and time to regenerate after disturbance, due to their resource allocation to the replacement of damage tissues (Bond & Van Wilgen 1996 , Arnan et al. 2007 ). According to our results, several authors (e.g. Bond & Van Wilgen 1996 , Midgley 1996 reported that many resprouting species have lower growth rates than non-resprouters of comparable age (Fig. 7) . In Mediterranean-type ecosystems, frequent fires decrease the abundance of seeders, while at intermediate fire-return intervals, they are favored in comparison to resprouters , Pausas 2001 , Lloret et al. 2003 .
Overstory basal area in the proposed models is a proxy for competition, decreasing shrub biomass with higher tree stocking. This general trend is consistent with other studies, reporting that the maximum shrub development was also limited by overstory variables such as basal area (G -Coll et al. 2011 , Castedo-Dorado et al. 2012 ). Thus G serves as an indicator of stand competition, and has the advantage of being relatively simple to obtain in the field or to be inferred from growth and yield models (Castedo-Dorado et al. 2012) .
In a Mediterranean-type climate, the regional patterns of vegetation structure and composition are mainly dependent on temperature and water availability (Kummerow et al. 1981 , Joffre & Rambal 2002 . Hence it was not surprising to find temperature as a significant predictor in proposed model. Most phenological models include temperature as a proxy for developmental rates (Cesaraccio et al. 2001 ). For instance, higher air temperature values in spring strongly induces an earlier start of plant development (Correia et al. 1992 , Maak & von Storch 1997 , Chmielewski & Rötzer 2001 . Moreover, tempera-ture directly affects soil moisture, which is the main source of water for plant growth (Kummerow et al. 1981) .
Forest composition did not contribute to explain variation in shrub biomass. However, post fire composition, structure and richness of the whole plant community are directly related to the re-establishment of the dominant species in the canopy (Lloret et al. 2003 , Broncano et al. 2005 . Differences in shrub biomass accumulation among the different forest types considered in this study were generally poor; Maritime pine plots attained higher values and maximum biomass was qualitatively similar to other species. It is important to remark that forest composition in Portugal is strongly determined by human action and it is often decoupled from the potential vegetation type. The dominant shrub communities generally occur independently of overstorey composition. Consequently, variation in basal area and site quality are likely to overwhelm the influence of forest composition on shrub biomass.
Several limitations of the proposed models have also to be highlighted here. The variability of the initial dataset was considerably high, lowering the model efficiency. Variation in shrub species composition, the use of generic bulk densities to estimate biomass, and site-specific factors are certainly involved in the modeling performance. Similarly, several models with low R 2 values (indicating that some variation remains unexplained) were considered useful to support optimal forest management decisions, for instance, mushrooms yields in pine forest planning (Bonet et al. 2008 , Palahí et al. 2009 ). In any case, we consider this study to be an important step forward, since similar models have seldom been developed for Europe.
Future research would greatly benefit from the existence of information from permanent shrub/biomass plots measured over time, in order to better understand biomass dynamics (e.g., shrub senescence) and carbon sequestration rates at different spatial scales. Additionally, variables such as soil type and summer water deficit may contribute to improve the model performances.
The successful management of fuel load in fire-prone regions is a challenging task that calls for the integration of forest and fire management activities in order to decrease fire hazard. Several studies indicate that fuel treatments (i.e., reduction of fuels in forests) change wildfire behavior and severity and enhance the effectiveness of fire suppression operations (Mercer et al. 2008 ). Models such those developed in this study have practical applications in the assessment of fire hazard and in the definition of general prescriptions to plan fuel treatments. In fact, such models allow to quantify the impact of silviculture operations and help to define management options that may decrease wildfire occurrence. For instance, a preliminary shrub build-up model (Botequim et al. 2009 ) was integrated with a growth and yield model to accomplish maritime pine stand-level optimizations and determine optimal stand-level treatments (e.g., thinning, fuel treatment), so as to reduce the hazard of fire (Ferreira et al. 2014 ). This information is very valuable as it may effectively support the development of adaptive management strategies (Ferreira et al. 2012 (Ferreira et al. , 2014 .
Investigations on carbon flux implications of fuels reduction treatments are of increasing interest (Hurteau & North 2010) . Firerelated climate change mitigation options include decreasing emissions through fuel reduction treatments and using the removed biomass to replace fossil fuels for energy production (Canadell & Raupach 2008 , Malmsheimer et al. 2008 ). The shrub build-up model can be used by forest managers to predict fuel loads in the frame of understory removal to decrease fire hazard. It may also have practical application for ecologists, allowing the estimation of carbon storage in the understory and the assessment of how future wildfire emissions will change in response to fuel treatments, helping to reduce the uncertainty in emission estimates. This analysis may be done in two steps. If no information on shrub biomass is available the proposed model would be used for initialization (i.e. estimate initial shrub biomass) and to predict curves of forest shrub accumulation without previous information on shrub load over a specific time span; otherwise one of the difference equation forms are recommended to estimate future biomass from the initial biomass.
Despite disregarding site-specific conditions in relation to shrub composition and some simplifications in regards to the whole fuel complex, it is reasonable to conclude that the combination of the proposed model and the difference equation forms is able to adequately describe the typical shrub biomass accumulation in Portuguese forests (Fig. 5) . Additionally, our biomass models provide sound estimates of biomass growth on the short term. For longer periods (more than 15 years), information on regeneration, mortality, thinning and succession has to be taken into consideration in order to increase the accuracy of biomass estimates. These general equations are expected to help forest management decision-making as a tool to support decisions on where and when fuel treatments are required. Authors also would like to thanks the financial support for a post-fellowship by the FCT (SFRH/BPD/63979/ 2009) and by the University of Eastern Finland. Finally, the Portuguese Forest Service (ICNF) is acknowledged for supplying the NFI databases.
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